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Abstract 
To make an appropriate decision, a manager needs to be supported with qualified information and adequate 
knowledge in interpreting the information. A challenging situation arises when the manager has only limited time for 
formulating an appropriate decision. One of the solutions is to support the manager with a Knowledge-intensive 
System (KIS). The paper presents the findings of an evaluation of a KIS called Leading to Information Access (LIA). 
There are four principal components in the evaluation of LIA, namely (1) an acceptable satisfaction level in using 
LIA, (2) good assessment of LIA s performance, (3) an acceptable level of computer literacy, and (4) a high 
confidence of LIA s usefulness.  
© 2012 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of ICIBSoS 2012   
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1. Introduction 
For garment industries, there are two business targets that should be achieved to survive in the 
globalized world. The targets are achieving (1) a better productivity and (2) a better quality (cf. Bernhard, 
Thomas, Cesar, & Hanna, 2009; Atristtain, Connie, & Rajagopal, 2010). With regard to the first target, 
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productivity is the driving factor in enhancing a garment manufacturer s performance (cf. Joshi & Singh, 
2010). Productivity is a fundamental concept considering the efficient and effective use of resources (cf. 
Käpylä, Jääskeläinen, & Lönnqvist, 2010). With regard to the second target, when a manager is able to 
maintain the quality level of its products, he/she may be able to fulfill the customer s expectations. A 
failure to achieve the required quality level, which is stated in a job contract, can cause the garment 
manufacturer to pay huge fines. In order to avoid such a failure, the manager must be supported by 
information related to quality indicators of the production process. With an immersed observation on the 
quality indicators, the manager will be able to make a better decision on minimizing the possibility of a 
loss for the garment manufacturer.  
Each day, an Indonesian SME Garment Manufacturer (ISGM) records an abundant amount of data that 
represent its daily transactions. Without adequate effort to transform the recorded data into qualified 
information, the ISGM manager cannot make a proper decision. From our interviews, we find that most of 
the ISGMs struggle to achieve the two business targets because they do not have capabilities or sufficient 
time to transform the recorded data into qualified information. Most of the ISGM managers also have a 
lack of financially related experience and expertise in interpreting financial information that shows the 
firm performance. Many problems arise when the level of the financially related experience and expertise 
differ from manager to manager. So, the ISGM managers need support to be able to access qualified 
information as well as to interpret the qualified information (firm performance).  
We attempt to support managerial decisions of the ISGM managers by the use of a Knowledge-
intensive System (KIS), called Leading to Information Access (LIA). LIA supports the managers in: (1) 
recording the ISGMs business transactions according to Indonesia s accounting standards, (2) converting 
the accounting data into valuable financial information based on the Financial Statement Analysis (FSA) 
techniques, (3) providing Key Performance Indicators (KPIs) automatically as the basis for monitoring 
manufacturer daily operation, and (4) providing an interpretation for the results obtained in points 2 and 3. 
Supported by LIA, the ISGM managers may make better decisions to achieve the two business targets 
(better business performances). 
There are ten modules in LIA. The first and the second modules are mainly for recording data into the 
database system in LIA. The other modules focus on providing an interpretation of the results of the FSA 
model and the KPIs model. LIA uses a model-driven system technique for formulating FSA results. For 
this purpose, LIA converts automatically the data recorded in the first module into qualified information. 
Then, LIA uses rule-based system technique for formulating the interpretation on the qualified 
information. So, the manager may read the FSA results and its interpretations. For instance, to interpret 
whether an 11.5% Return on Equity (ROE) is a good return for the ISGM, LIA compares the ROE value 
with the value from V1 in Module 2. If the value of V1 is 8.5%, LIA shows the following sentence: the 
business is promising; the ROE is 11.5% and higher than the alternative investment . 
In this paper we undertake the effort to find principal components in evaluating a KIS. Our research 
question is as follows: what kind of principal components that are more suitable in evaluating a KIS such 
as LIA? We evaluated LIA with surveys (questionnaire) to 196 respondents. The 196 respondents consists 
of forty-two ISGM managers, fifty-five financial experts, twenty-nine non-domain experts, and seventy 
university students. The structure of the remaining paper is as follows. Section 2 deals with the research 
question by providing the results of the field-test evaluation. Finally, Section 3 presents our conclusions. 
2. The results of the field-test evaluation 
A total of 196 respondents participated in the evaluation of LIA. After the respondents had used LIA in 
analyzing the case(s) of the ISGMs, they were asked to answer the questionnaire for evaluating LIA. We 
investigated and slightly adapted the questionnaires from five research papers as a source for our research, 
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namely Chou (2005), Chou and Liu (2005), Wahdan (2006), Davis and Wong (2007), and Ahmed (2010). 
We selected a total of 23 items (or questions) from the researchers questionnaires to develop our own 
questionnaire to evaluate LIA (see Table 1). The 23 items are divided into six measurements ( measured 
entities or constructs ) 
From the field-test evaluation, the Cronbach s Alpha of five constructs was acceptable ( > .7). 
However, one construct ( Intention to use LIA ) had a low Cronbach s Alpha (unacceptable). To shed 
more light on the situation, we perform a Principal Component Analysis (PCA) to establish which of the 
six constructs should be considered for evaluating LIA. 
Prior to performing PCA, the suitability of the data for PCA should be assessed (Pallant, 2011). For 
verifying whether the data set is suitable for PCA, three statistical results were analyzed, namely (1) 
correlation matrix, (2) the Kaiser-Meyer-Olkin (KMO) index, and (3) Bartlett s test of sphericity. 
Inspection of the correlation matrix reveals the presence of 74 coefficients of .3 and above, which 
indicates there were a large number of correlations among the 504 coefficients. The KMO index is .838, 
exceeding the recommended value of .6. Therefore, the KMO measure verifies the sampling adequacy for 
the analysis. The Bartlett s test of sphericity gives a statistical significance of (.00), supporting the 
factorability of the correlation matrix. So, we may conclude that our data set is suitable for PCA. 
Table 1. List of Items for the Six Measurements 
Measurements Items (Questions) 
Satisfaction in using LIA 12. The learning experience with LIA outperformed human learning with only using text books 
13. A wide variety of learning materials were provided in LIA 
14. I was satisfied with the immediate information acquisition in LIA 
15. I was satisfied with the overall learning effectiveness in LIA 
Assessment of LIA s 
performance 
19. LIA s usefulness in practice 
20. LIA s explanation facility to formulate the interpretation of FSA 
21. LIA s explanation facility to formulate the interpretation of KPIs 
22. The ease of understanding LIA s logic 
23. LIA is an overall support tool for learning how to conduct FSA for a garment manufacturer 
Computer literacy 1. I was confident to use a computer 
2. Computer can help me to learn in my own time 
3. Computer can help me to learn in my own pace 
Perceived usefulness of LIA 6. LIA helps to understand better how financial experts interpret their the results of FSA 
7. LIA helps to understand better how a garment manager monitors and evaluates the KPIs 
8. LIA decreases the time needed for analyzing FSA and KPIs of a garment manufacturer 
9. LIA s logic reflects professional competence 
10. LIA s advice may be trusted 
11. Using LIA enhances the effectiveness of my learning 
Relevance between job with 
the function provided by LIA 
4. In my learning, usage of LIA  is relevant for garment industry 
5. In my learning, usage of LIA is essential for my job 
Intention to use LIA 16. The learning through LIA encourages me more than the traditional methods 
17. LIA provides a chance for learning by doing 
18. I intend to spend considerable time and effort in exploring LIA 
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To determine how many components actually fit in the model, three pieces of information are 
considered, namely: (1) the eigenvalues of the components from PCA, (2) a visual inspection of the 
resulting components using a scree plot, and (3) the number of the components from Horn s (1965) 
parallel analysis. 
(Ad 1) We performed an initial analysis to obtain eigenvalues for each component in the data. The 
PCA revealed the presence of six components with eigenvalues exceeding 1 (see Table 2, second 
column); explaining 28.73%, 7.88%, 7.37%, 6.10%, 4.92%, and 4.49% of the variance, respectively (see 
Table 2, third column). These six components explained a total of 59.49% of the variance. In the PCA, the 
Component Matrix shows the unrotated loadings of each of the items on the six components. Most of the 
items load quite strongly (above .4) on the first four components. Very few items load on Components 5 
and 6. This suggests that a four-factor solution is likely to be appropriate.  
(Ad 2) Inspection of the scree plot reveals a break after the fourth component. Components 1, 2, 3, and 
4 explain or capture much more of the variance than the remaining components. From this plot, it was 
decided to retain four components instead of six components for further investigation. 
(Ad 3) Horn s Parallel Analysis shows only four components with eigenvalues exceeding the 
corresponding values for a randomly generated data matrix of the same size (see Table 2, second column 
and fourth column). As such, Components 5 and 6 are rejected (see Table 2, fifth column). 
Based on the results of the Scree Plot and Horn s Parallel Analysis, we retain four components in our 
study. The four-component solution explains a total of 50.09% of the variance, with Component 1 
explaining 28.73% of the variance, Component 2 explaining 7.88% of the variance, Component 3 
explaining 7.37% of the variance, and Component 4 explaining the remaining 6.10% of the variance (see 
Table 2, third column for Components 1 till 4). 
Table 2. Comparison of Eigenvalues from PCA and Criteria Values from Parallel Analysis 
Component Actual eigenvalue from PCA % of Variance from PCA Criterion value from parallel analysis Decision 
1 6.607 28.73 1.6797 Accept 
2 1.813 7.88 1.5635 Accept 
3 1.696 7.37 1.4721 Accept 
4 1.404 6.10 1.3978 Accept 
5 1.132 4.92 1.3321 Reject 
6 1.032 4.49 1.2734 Reject 
The next step is evaluating how much of the variance in each of the 23 items is explained by observing 
their Communality values. Low values of Communality (e.g., less than .3) usually indicate that the item 
does not fit well with the other items in its component (Pallant, 2011). The communality for Item 16 
indicates that the item does not fit well with the other items in Component 1. Its value is .247 which is 
clearly smaller than .3. Therefore, we decided to remove Item 16.  
After removing Item 16, we re-run the PCA and calculated the communalities again. The result of 
communalities now shows that every item is fitting with the components. The four-component solution 
now explains a total of 51.43% of the variance, with Component 1 explaining 29.13% of the variance, 
Component 2 explaining 8.24% of the variance, Component 3 explaining 7.71% of the variance, and 
Component 4 explaining the remaining 6.36% of the variance. 
Then, we use Oblimin method, a method of Oblique Rotation. The Oblimin method is a form of factor 
rotation used to make component loadings more human interpretable. We do so since we assume that 
the components in our analysis are correlated. The assumption on the correlation is based on the 
following logic. When a respondent (1) is satisfied by using LIA, then in the same time, he/she should (2) 
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provide a good assessment of LIA s performance, in particular if he/she has (3) adequate computer 
literacy and (4) high confidence in the usefulness of LIA. The name of the four components is based on 
the topics of the items fitted with each component. 
Table 3. Statistics Results 
Component Mean Variance Standard 
Deviation 
No. of 
items 
Cronbach s 
Alpha 
Items (Questions) 
1. Satisfaction in using LIA 37.75 22.106 4.702 10 .846 4, 5, 9, 10, 11, 12, 13, 14, 15, 18 
2. Assessment of LIA s 
performance 
20.87 4.341 2.084 5 .711 19, 20, 21, 22, 23 
3. Computer literacy 12.35 3.992 1.998 3 .754 1, 2, 3 
4. Perceived usefulness of LIA 17.15 3.771 1.942 4 .709 6, 7, 8, 17 
Table 3 shows that the respondents have (1) acceptable satisfaction in using LIA, (2) good assessment 
of LIA s performance, (3) an acceptable computer literacy, and (4) a good perceived usefulness of LIA. 
The results of field-test evaluation support LIA s four contributions. The four contributions by LIA are as 
follows. 
(Ad A) LIA provides qualified information for an ISGM. The qualified information was formed by 
accurate accounting records. LIA provides an easy way for the ISGM to record its financial transactions 
(by computer-based Accounting Information System), according to the SAK-ETAP (Standar Akuntansi 
Keuangan Entitas Tanpa Akuntabilitas Publik; accounting principle for SMEs in Indonesia). LIA will 
categorize automatically the data recorded from each of the sub modules to specific accounts, according 
to the SAK-ETAP procedure. Thus, the employee who inputs the transactions does not need to have high 
accounting capabilities.  The data recorded by LIA will be transformed into qualified information by 
following both the FSA model and the sixteen KPIs. LIA s ability in providing qualified information is 
the basic ingredient for obtaining the remaining contributions. 
(Ad B) LIA is able to guide the ISGM manager in interpreting the qualified information. LIA provides 
the expert s opinion on the interpretation of the firm s FSA. Moreover, LIA provides information of the 
sixteen KPIs automatically. Using the KPIs, the manager can monitor the performances of all productions 
processes and the parties cooperated with. When any of the parties failed to catch the standard, LIA will 
give an early warning to the managers. With this feature, the managers will be easier to communicate 
with any of the parties and to investigate the reason of the event. 
(Ad C) LIA may provide a second opinion for both financial and garment experts. LIA supports the 
user as if they interact with another expert who (1) monitors closely the production processes, (2) delivers 
an early warning message, and (3) provides interpretation on the qualified information. Supported by the 
second opinions, the manager may understand the real potential problem and make an adequate strategy 
to minimize this risk.  
(Ad D) The users (by using LIA regularly) will be able to learn on how to analyze ISGM business. The 
logic of thinking of the experts stored in the KIS will be transferred to the user. This is in line with the 
research findings by Cebi, Aydin, and Gozlu (2010). They concluded that a firm can obtain several 
benefits from knowledge-intensive applications which will lead the firm to a better performance. 
3. Conclusions 
This paper aims at answering research question from evaluation point of view, namely: what kind of 
principal components that are more suitable in evaluating a KIS such as LIA? The answer reads as 
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follows. From the results of the field-test evaluation, we may conclude that LIA obtained a positive 
evaluation. The positive evaluation was confirmed by four principal components, namely (1) an 
acceptable level of satisfaction in using LIA, (2) a good assessment of LIA s performance, (3) an 
acceptable computer literacy, and (4) a good opinion on perceived usefulness of LIA.  
The positive evaluation by the respondents demonstrates LIA s success in achieving the four 
contributions, namely (1) qualified information for an ISGM, (2) guidance for the ISGM manager in 
interpreting the qualified information, (3) a second opinion for both financial and garment experts, and (4) 
an easier way in learning how to interpret the qualified information. 
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